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Objective. To evaluate the sensitivity of treatment effect estimates when length of stay
(LOS) is used to control for unobserved heterogeneity when estimating treatment effect
on cost of hospital admission with observational data.
Data Sources/Study Setting. We used data from a prospective cohort study on the
impact of palliative care consultation teams (PCCTs) on direct cost of hospital care.
Adult patients with an advanced cancer diagnosis admitted to five large medical and
cancer centers in the United States between 2007 and 2011 were eligible for this study.
Study Design. Costs were modeled using generalized linear models with a gamma
distribution and a log link. We compared variability in estimates of PCCT impact on
hospitalization costs when LOS was used as a covariate, as a sample parameter, and as
an outcome denominator. We used propensity scores to account for patient characteris-
tics associated with both PCCTuse and total direct hospitalization costs.
Data Collection/Extraction Methods. We analyzed data from hospital cost data-
bases, medical records, and questionnaires. Our propensity score weighted sample
included 969 patients who were discharged alive.
Principal Findings. In analyses of hospitalization costs, treatment effect estimates are
highly sensitive to methods that control for LOS, complicating interpretation. Both the
magnitude and significance of results varied widely with the method of controlling for
LOS. When we incorporated intervention timing into our analyses, results were robust
to LOS-controls.
Conclusions. Treatment effect estimates using LOS-controls are not only suboptimal
in terms of reliability (given concerns over endogeneity and bias) and usefulness (given
the need to validate the cost-effectiveness of an intervention using overall resource use
for a sample defined at baseline) but also in terms of robustness (results depend on the
approach taken, and there is little evidence to guide this choice). To derive results that
minimize endogeneity concerns and maximize external validity, investigators should
match and analyze treatment and comparison arms on baseline factors only. Incorpo-
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rating intervention timing may deliver results that are more reliable, more robust, and
more useful than those derived using LOS-controls.
Key Words. Costs and cost analysis, palliative care, length of stay, endogeneity,
validity

A randomized controlled trial is the strongest way to maximize internal valid-
ity when evaluating causal effects, but many interventions cannot be random-
ized, leaving health service researchers to analyze observational data (Black
1996;McKee et al. 1999).

The most significant weakness in observational designs is that, as assign-
ment to treatment and comparison groups is not under analyst control, differ-
ences in outcome between subjects may result from the intervention, from
observed confounders and from unobserved confounders (Stuart 2010; Austin
2011). Observed confounding can be controlled for by the use of statistical
matching techniques, such as propensity scoring (Rosenbaum and Rubin
1983; Rubin 2007). An instrumental variable approachmay be the best way to
address unobserved confounding in a cross-sectional study (Angrist, Imbens,
and Rubin 1996), but a strong, valid instrument is often not easy to identify,
even in prospective studies (Murray 2006).

Unobserved heterogeneity is consequently a common concern for
health services studies aiming to infer causal effects using observational data
(Heller, Rosenbaum, and Small 2009). This concern is exacerbated in evalua-
tion of treatment effect on utilization outcomes—for example, costs, number
of readmissions—because these distributions are typically right-skewed by a
minority of complex patients, who can distort treatment effect estimates even
in the absence of confounding ( Jones 2010; Mihaylova et al. 2011). Highly
complex patients therefore represent a dual challenge in inferring treatment
effects on utilization using observational data: they complicate matching pro-
cedures, as clinical complexity is difficult to capture adequately through either
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administrative or interview data; and they skew the distributions of outcomes
of interest, potentially obscuring important associations in the data.

Multiple studies evaluating the causal effect of a treatment on utilization
during a hospital admission have addressed the problem of complex outliers
by controlling for length of stay (LOS) as a proxy for clinical complexity.
Specifically, one or more of three approaches have been variously employed:

1. LOS as a covariate: LOS, or a nonlinear transformation of LOS,
included as a predictor in regression to estimate treatment effect on
cost;

2. LOS as a sample parameter: Short- and/or long-stay outliers removed
from the sample ex ante;

3. LOS as an outcome denominator: Average daily costs, that is, the ratio of
total costs to LOS, employed as the primary outcome of interest.

Each of the three strategies is intended to address challenges in analysis
of utilization data collected with an observational design: by controlling for
LOS, investigators mitigate problems of unobserved complexity to the extent
that LOS is a useful proxy for complexity and skewed utilization data to the
extent that removing long-stay outliers or examining mean daily costs normal-
izes the distribution of the outcome of interest. But each strategy potentially
undermines the internal and/or external validity of treatment effect estimates
by increasing endogeneity and bias concerns, and by limiting the practical
value of derived results. See Table 1 for an overview of these methods, their
respective justifications and potential problems, and examples from studies of
inpatient hospital utilization for maternity care, pediatric services, and pallia-
tive care. Example studies were all performed on the acute hospital setting,
but the methodological principles are likely generalizable to other institutional
settings for health care delivery. Evidence-based comparison of these strate-
gies within a single study is limited.

Objectives

The purpose of this paper was to compare and evaluate the sensitivity of esti-
mates of a treatment’s impact on hospital costs to methods of controlling for
LOS, and to clarify the strengths and weaknesses of these methods.

The data are drawn from a prospective, observational study on the
impact of palliative care consultation team (PCCT) interventions for hospital-
ized patients with advanced cancer. In this study, we explored methods that
use LOS to control for unobserved heterogeneity. Our results and discussion
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may be generalized to other observational studies of the impact of a binary
intervention on utilization during an acute care admission.

In our primary analysis, we estimate the effect of a binary treatment vari-
able on cost of hospital stay, controlling for LOS per Table 1: as a covariate, as
a sample parameter, and as an outcome denominator. We compare the results
and highlight considerations for analyses in a similar context. The derived
results are highly sensitive to if and how LOS is controlled for. Treatment
effect estimates using LOS-controls are not only suboptimal in terms of relia-
bility, given concerns over endogeneity and bias; and usefulness, given the
need to validate the cost-effectiveness of an intervention using overall
resource use for sample defined at baseline; but also in terms of robustness, as
results depend on the approach taken, and there is little evidence to guide this
choice.

In the interpretation of our primary analysis, we discuss potential
responses to these challenges. First, the importance of reporting sensitivity
analyses is emphasized. Second, we show that an alternative method with our
data—incorporating intervention timing during the hospital admission—im-
proved markedly the rigor and consistency of our results compared to those
derived using LOS-controls.

METHODS

Sample

We have reported elsewhere full details of our study consistent with the
STROBE guidelines (May et al. 2015a).

Briefly, using a prospective, observational design, we collected descrip-
tive, clinical, and utilization data on patients with an advanced cancer diagnosis
admitted to one of five U.S. hospitals between 2007 and 2011 (the Palliative
Care for Cancer [PC4C] study; National Institutes of Health, 2006). Patients
were eligible if they had an advanced cancer diagnosis, were at least 18 years
of age, spoke fluent English, and gave informed consent. Patients were
excluded if they had a diagnosis of dementia, were nonverbal, or had previ-
ously received a PCCT intervention. Additional criteria included approval of
the attending physician and a hospital stay of at least 48 hours. Clinical data
came from medical record review and patient interviews. Cost data were
extracted from hospital databases, adjusted for regional variation, and standard-
ized to U.S. dollars (USD) in 2011, the final year of data collection. Of the five
hospitals, one did not collect cost data and is excluded from this paper.

Using Length of Stay to Control for Unobserved Heterogeneity 2025



We used kernel weights derived from propensity scores to account for
observed patient sociodemographic and clinical characteristics associated
with both PCCTuse and health care costs (Garrido et al. 2014). With kernel
weighting, each subject in the treatment group is given a weighting of 1 and
matched to a subject in the comparison group using a weighted average of the
propensity score covariates. Only subjects outside the range of common sup-
port are dropped. Treatment and comparison groups were balanced on base-
line covariates covering demographic, socioeconomic, clinical, and health
system factors: age, gender, race, advance directive status, education level,
insurance program, comorbidities, diagnosis, activity level, symptom scores,
and access to formal homecare prior to admission. Balance was evaluated with
standardized differences before and after weighting.

This analysis focuses on the 969 patients in our propensity score-
weighted sample who were admitted to one of the four hospitals that provided
cost data and discharged alive (May et al. 2015a). Dividing patients by dis-
charge status is common in end-of-life care studies due to a possible hetero-
geneity problem: there are distinct implications of the point at which costs are
no longer accrued as well as potential unobserved clinical complexity, and dif-
ferences in treatment pathways and patient preferences (Cassel et al. 2010).
For our study there were 54 patients who died, insufficient for a stand-alone
weighted analysis. When patients who died are pooled with those discharged
alive in our data, there are no substantive differences to any of our results.
Where the sample was trimmed according to LOS, new sample-specific
propensity scores were created accordingly: all observations outside the sam-
ple’s LOS range were discarded and the weighting process repeated for the
remaining treatment and comparison group patients (Green and Stuart 2014).

Variables

The primary outcome of interest was total direct costs incurred by the hospital
for the hospitalization (Taheri et al. 2000).

The primary independent variable was a binary treatment variable: Did
patients receive a consultation from the PCCT during their hospital admis-
sion? Patients who were seen by a PCCTwere given a score of 1 (i.e., the treat-
ment [PC] group); those who were not were given a score of 0 (i.e., the
comparison [UC] group). As with all medical consultations (e.g., oncology,
cardiology, infectious disease), the PCCT intervention was initiated at the
request of the primary treating physician when it was judged that patients with
advanced cancer would benefit from specialist expertise. Reasons for consul-

2026 HSR: Health Services Research 51:5 (October 2016)



tation included treatment of pain and other symptoms, clarifying treatment
options, establishing goals of care and advance plans, and assistance with tran-
sition planning. The PCCT comprised a specialist-led interdisciplinary team
of a physician, a nurse, and a social worker with chaplaincy and psychiatry
support (American Academy of Hospice and Palliative Medicine, Center to
Advance Palliative Care, Hospice and Palliative Nurses Association, Last Acts
Partnership &National Hospice and Palliative Care Organization 2004).

Additional predictors were all variables included in the propensity score
(n = 33). All regressions were performed against the treatment variable and
propensity score variables (random effects) plus fixed effects for each hospital
site.

Statistical Methods

Prior to our primary analysis, we compared the performance of different lin-
ear and nonlinear modeling approaches with Pearson, Hosmer–Lemeshow
and link tests, and goodness of fit measures R2, in-sample root mean squared
error and in-sample mean absolute prediction error, consistent with Jones
et al. (2013). A generalized linear model with a gamma distribution and log
link was selected as the strongest option with these data. Details are available
from the authors.

Using GLMs (gamma, log), we calculated the mean incremental effect of
PCCTon total direct hospital costs. We performed sensitivity analyses using
OLS models, and GLM (gamma, log) without propensity score weights, to
establish that reported results were robust to model selection and weighting
strategy. Incremental effects were calculated as the mean of finite differences
across the sample and using bootstrapped standard errors (1,000 replications)
(Abadie and Imbens 2008). All analyses were performed using Stata (version
12) (StataCorp, 2011).

LOS-Controls

We estimated mean incremental treatment effect on total direct hospital costs
using the three LOS-control strategies detailed in Table 1: LOS as a covariate,
as a sample parameter, and as an outcome denominator.

LOS as a Covariate. LOS is linearly correlated with total cost of hospital stay,
so the inclusion of an untransformed LOS covariate in the regression com-

Using Length of Stay to Control for Unobserved Heterogeneity 2027



pounds endogeneity concerns discussed in Table 1. To break the linear rela-
tionship between covariate and outcome, where health economists have
incorporated LOS as a predictor in modeling costs, they have generally done
so following nonlinear transformation: LOS log-transformed, squared, cubed,
etc. (Carey and Burgess 1999; Penrod et al. 2010).

We therefore estimated five GLMs [Models (i), (ii), (iii), (iv), (v)] with a
gamma distribution and a log link, differentiated by the use of common non-
linear transformations of LOS as a covariate. Our base model [Model (i)]
included main effects for the treatment variable and the 33 observed covari-
ates in the propensity score, fixed effects for site, and an error term. Models
(ii), (iii), and (iv) included LOS to the second, third, and fourth power, respec-
tively. Model (v) included a log-transformed LOS term.

LOS as a Sample Parameter. There is no established guideline for removing
LOS outliers to improve the accuracy of analyses (Marazzi et al. 1998). For
the summary statistics of LOS for our sample, see Table 2. We trimmed our
sample of short-stay patients at the 5th percentile, creating a new subsample
where 4 ≤LOS (N = 942); of long-stay patients at the 95th percentile (LOS
≤20; N = 924), and of both simultaneously at the 2.5th and 97.5th percentiles
(4 ≤LOS ≤25; N = 917). These limits were not set according to any clinical
parameters but to maximize sample size in investigating the impact of defining
the sample by LOS.

For each subsample, we reran Models (i) to (v) and estimated mean
incremental treatment effects.

LOS as an Outcome Denominator. Regressions were rerun with average daily
direct cost, that is, the ratio of total direct hospital costs to LOS, as the outcome
of interest for the whole sample and the three trimmed subsamples. These
were calculated using only Model (i) (no LOS as a covariate) as LOS is already
implicitly incorporated in the regression via the outcome of interest.

RESULTS

Treatment effect estimates using each of the three LOS-control strategies are
given in Table 3. Results differed substantively depending on whether and
how LOSwas controlled for in analyses.
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LOS as a Covariate

Within each sample, results differed substantively, depending on if and how
LOS is included as a predictor in regression.

For the principal sample (N = 969), Model (i) (no LOS covariate) sug-
gested a negligible association between treatment and costs: +$153 [95 percent
CI: �1,266 to +1,572], equivalent to a 1.6 percent increase in total direct hos-
pital costs for patients who received PC (p = .83). When LOSwas included as
a covariate (regardless of how it was transformed), estimated treatment effects
were significant and consistently suggested cost-savings from the intervention.

Similarly, for the samples truncated of short-stayers, and short- and
long-stayers simultaneously, nonsignificant estimates using Model (i) con-
trasted with statistically significant cost-savings with Models (ii) to (v) in the
$980–$1,617 range, equivalent to a 10–17 percent cost-saving from the
intervention.

Only for the sample with long-stayers removed was there broad consis-
tency between all Models: a statistically significant cost-saving association is
reported for each. But even in this case there is variation in the magnitude of
the projected saving, from $1,141 to $1,609, meaning that the largest estimate
is 41 percent larger than the smallest.

LOS as a Sample Parameter

A comparison of results for Model (i—no LOS as a covariate) shows that esti-
mates differ substantively depending on whether and how the sample is
trimmed by LOS.

For the principal sample (N = 969), the estimated treatment effect was
negligible, but when the sample was truncated by short-stay outliers only, or
both short-stay and long-stay outliers, the estimated treatment effect was not
statistically significant ([95 percent CI:�1,307 to +2,853; p = .47] and [95 per-
cent CI:�1,483 to +607; p = .41], respectively).

However, trimming long-stay outliers resulted in a statistically significant
mean cost-saving effect of �$1,141 (95 percent CI: �1,983 to �299; p = .008),
equivalent to a 12 percent reduction in total direct hospital costs per case.

LOS as an Outcome Denominator

The estimated treatment effects on average daily direct cost (total direct hospi-
tal costs/LOS) suggest a statistically significant cost-saving effect irrespective
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of sample or subsample in the range $110–$174. Again, this represents a large
variation (58 percent) between the smallest and largest estimates. The esti-
mated effects on mean daily costs are equivalent to 9–13 percent reductions,
slightly lower than the equivalent estimated savings where LOSwas employed
as a covariate.

DISCUSSION

The approach chosen in incorporating LOS in analysis has a direct bearing on
results (Table 3). The estimated effect of treatment on direct hospital costs
without controlling for LOS is negligible. The estimated effect once LOS is
employed as a covariate, sample parameter, or outcome denominator is gen-
erally statistically significant and cost-saving, with substantive variance in the
magnitude of estimated effect.

Previous analyses of the impact of palliative care and other hospital-
based interventions on utilization using observational data have variously
used different approaches to LOS to control for unobserved heterogeneity,
often in tandem with propensity scoring to control for observed con-
founders. But our results raise a number of considerations in evaluating
treatment effect on hospital costs and, implicitly, other utilization outcomes
using these methods. Specifically, there are issues of reliability, robustness,
and usefulness.

First, strategies to control for LOS are suboptimal in research design.
Use of LOS as a covariate introduces unquantifiable endogeneity into the
analysis as the duration of a patient’s hospital stay is strongly correlated with
the cost of that stay. Use of LOS as a sample parameter loses information,
weakens power and undermines the fundamentals of the propensity score
methods, which allow calculation of a counterfactual on the basis of observed
covariates at baseline. Treatment effect estimates on average daily cost are dif-
ficult to interpret if LOS differs between treatment and comparison group, as
is the case with our data. Estimates derived using these methods may not be
reliable.

Second, there is little guidance on how or when to incorporate LOS as a
covariate to control for unobserved heterogeneity, or at what levels to trim the
sample of short- and long-stay outliers. Yet if and how such methods are
employed has a direct bearing on results. As this is an observational dataset of
969 patients, it is not possible to know the “true” treatment effect but, given
the lack of observable association between treatment and cost when LOS is
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not controlled for, accepting results using LOS-controls may increase the risk
of a type I error. There is no treatment effect reported in Table 3 that could be
confidently reported as robust to sensitivity analysis.

Third, results calculated using LOS-controls have limited practical use.
Evidence that a treatment is efficacious for a sample defined by LOS cannot
directly inform policy or clinical practice because LOS is not known at admis-
sion. Similarly, estimated treatment effect on average daily cost may be mis-
leading because average daily cost does not reflect overall resource
consumption or cost to the hospital; it is merely a ratio. There is a well-known
maxim in health economics that investigators should not estimate treatment
effect on log-transformed costs because this is fundamentally not useful: “Con-
gress does not appropriate log dollars. First Bank will not cash a check for log
dollars” (Manning 1998). This principle could be extended to employing
LOS-controls in estimating impact of a binary treatment variable on costs of a
hospital admission: interventions are not validated as (cost-)effective for popu-
lations defined ex ante by LOS, or on the basis that they reduce the ratio of total
cost to LOS during hospital stay. Gold-standard guidelines in health eco-
nomics study design recommend that investigators estimate effect on overall
utilization in the outcome of interest for a sample defined at baseline (Gold
et al. 1996; Drummond et al. 2005).

Interpretation

Our results therefore present challenges in interpretation. In particular, the
association between the intervention and hospital costs is not clear. The signifi-
cance and magnitude of the estimated effect are dictated by if and how LOS is
controlled for analysis, and little guidance exists to inform a specific approach.

This suggests that multiple sensitivity analyses with and without LOS-
controls, which are not typically reported in studies employing these methods
to date, ought to be reported as standard when employing methods of this
type. The true treatment effect can never be known in analysis of observa-
tional data, but where results are robust to sensitivity analyses investigators
can be increasingly confident that the associations they report approximate
the true effect. Conversely, where results are highly sensitive, their value is
necessarily limited.

However, consistency between results generated using LOS-controls is
reassuring only to the extent that LOS is a useful proxy for some important
unobserved factor(s). Concerns about endogeneity, bias, and usefulness
remain for these methods, no matter how consistent the results may be in sen-
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sitivity analyses. Optimally, treatment effect estimates should not only be
robust to sensitivity analyses but also based on samples defined and data mea-
sured at baseline.

An Alternative to LOS-Controls: Intervention Timing

Our results (Table 3) suggest that LOS is indeed a useful proxy for some unob-
served factor. The fact that almost any use of LOS-control leads to a statisti-
cally significant association between treatment and cost, yet the absence of
any such control finds no association at all, indicates that there is a treatment
effect for a latent class in the sample and LOS is an indicator of this latent class.
Accepting that there is a negligible association would therefore miss important
relationships evident in the data. In particular, it appears that a small number
of long-stay patients are masking a treatment effect for the majority: this treat-
ment effect becomes visible if LOS is controlled for as a covariate, if long-stay
outliers are removed, or if average daily costs are used as an outcome of
interest.

To estimate treatment effect on cost with our data, this prompted the
question: How could the latent heterogeneity be meaningfully identified using
input data rather than output? In particular, what defined long-stay patients
other than LOS and could this be meaningfully identified using input/baseline
data?

We subsequently discovered that time-to-consult is an influential factor
in determining treatment effect on cost: early palliative care is associated with
a significant cost-saving effect, and this effect is larger when treatment is
received earlier (May et al. 2015a).

Early palliative care is also shown to reduce LOS. This association
requires further investigation, but we hypothesize that this reflects goals of
care discussions and transition planning through the intervention, leading to
fewer high-intensity treatments and earlier discharge.

Incorporating intervention timing into analyses is not a direct substitute
for LOS-control strategies because it does not solve the problem of unob-
served variation in clinical complexity. However, it does offer important
advantages over LOS-controls in these types of analyses.

First, it delivers a more accurate definition of the intervention. Long-stay
patients systematically have later consults and costs are a cumulative outcome
of interest. All patients accrue costs from the point of admission that are
included in the cost of hospital stay; for late-consult patients, a higher propor-
tion of these costs are by definition not amenable to treatment.
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The relevant data are presented in Table 4. Intervention timing is sys-
tematically associated with the proportion of the outcome of interest that treat-
ment can affect: patients who receive an intervention within 2 days of
admission have accrued on average 28 percent of costs prior to treatment; for
later interventions the equivalent figure is 61 percent. Moreover, late-consult
patients are systematically higher cost patients, meaning that when interven-
tion timing is not considered, these patients have a larger impact on mean cost
estimates, even though their treatment is less likely to have a chance to affect
the outcome of interest. Patients who receive a consult late in their hospital
stay are therefore less representative of the intervention studied, yet, as high-
utilization outliers, may be more influential than other patients on the treat-
ment effect estimated.

Where the timing of the intervention may vary during the hospitaliza-
tion, the assumption of homogenous treatment effect on hospital costs irre-
spective of timing in such analyses will therefore typically be false, increasing
the risk of a type II error. It is also plausible that more clinically complex
patients are more likely to receive a consultation earlier, so some degree of
unobserved clinical complexity may be picked up by timing-sensitive defini-
tions of treatment.

Second, after improving the specification of the intervention by incorpo-
rating timing, the derived treatment effect estimates are much more consistent
for LOS-controls. Treatment effect estimates for an early intervention, for dif-
ferent samples defined by LOS, are given in Table 5. In contrast to estimates
where intervention timing is not included, or where an LOS covariate is
added, the estimated treatment effect is consistent and variability in the magni-
tudes of cost-saving effect is markedly reduced. The results are also more con-
sistent for other approaches to long-stay, high-cost, and late-treatment outliers
(details from authors).

The results of analyses incorporating intervention timing (Tables 4
and 5) also contribute substantively to our understanding of the inconsis-

Table 4: Utilization Summary, by Time-to-Intervention (n = 226)*

t Days to First
PCCT

PC
(n)

Mean LOS
(Days)

Mean Total
Direct Costs ($)

Mean Total Direct
Costs Prior to First
Consultation ($)

Proportion of Costs
Incurred Prior to
First Consultation

2 < t 49 15 20,065 12,032 61%
t ≤ 2 177 7 8,692 2,072 29%

Note. *One site, with 30 PC patients, did not collect cost data in this way. PC group for this analysis
is therefore 226, not 256, per the primary analysis.
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tency in results using LOS-controls (Table 3). Specifically, a comparison
suggests that in part LOS as a covariate was a proxy for intervention timing.
Table 4 shows that later treatment is systematically associated with longer
LOS. In the top row of Table 5, only where long-stay outliers are removed
is there a significant treatment effect. In the bottom row of Table 5, once
timing is taken into account, the treatment effect is much more consistent
across all subsamples. And in Table 3, adding LOS as a covariate delivers a
statistically significant effect for all subsamples in nearly all cases. Therefore,
we can infer that the removal of long-stay patients is indirectly the removal
of late-consult outliers, and controlling for LOS as a covariate indirectly
controls for treatment timing. Because incorporating timing minimizes the
endogeneity and bias concerns attendant to LOS as a covariate, as well as
reducing the chance of a type II error by employing a binary any-time treat-
ment variable for a cumulative outcome variable, we can be more confident
in the reported association between an early intervention and hospital costs
in Table 5, than in the corresponding estimate in Table 3.

Limitations

There may be unobserved baseline heterogeneity between treated and compar-
ison patients that is unconnected to LOS and treatment timing, and is therefore
unaccounted for in our analyses. We have performed sensitivity analyses to
confirm that results are robust to both regression model and weighting strategy.
Results are also robust to model specifications with fewer covariates.

This is a single empirical study, and results need to be replicated in other
empirical datasets. In addition, simulation studies would allow us to quantify
the degree to which bias is exacerbated in each of the different methods, given
a set of investigator-specified data-generating processes. However, the results

Table 5: Estimated Treatment Effect on Total Direct Hospital Costs (in US$
with 95% CI) for Different LOS-Defined Subsamples, Where Intervention Is
Defined According to Timing and LOS Is Not Employed as a Covariate

All 4 ≤LOS 4 ≤LOS ≤25 LOS ≤20

Intervention at
any time
(per Table 3)

+153 (�1,266
to +1,572)

+773 (�1,307
to +2,853)

�438 (�1,483
to +607)

�1,141 (�1,983
to�299)*

Intervention
within 2 days

�2,280 (�3,438
to�1,122)*

�2,053 (�3,128
to�977)*

�1,767 (�2,840
to�693)*

�2,316 (�3,197
to�1,434)*

*p < .01.
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for this study provide an empirical illustration of the variability in treatment
effect estimates that can arise from different methods of controlling for LOS in
health services utilization studies. Investigators should be aware of the poten-
tial for variability in estimates and the need to run careful sensitivity analyses
when examining the effect of treatments among hospitalized patients with
varying lengths of stay.

The issues raised in this paper are primarily applicable for the estimation
of treatment effect on costs during an acute hospital admission. Our results
are robust in our data to inclusion or exclusion of patients who died during
hospitalization, to LOS-controls, and to other measures of complexity such as
number of comorbidities, but it is not clear that this will apply in all studies.
While LOS will vary in its strength as a proxy for complexity, the issues of
endogeneity, bias, and usefulness ought to be considerations for estimating
treatment effect on utilization in all settings.

Incorporating treatment timing in the manner we suggest is a relevant
strategy only in analysis of an intervention that is provided for the first time to
different patients at different times during their hospitalization; it will not be
relevant for an intervention that is provided either at admission or not at all.
There are multiple options for incorporating timing; published examples
include defining treatment as occurring within a specified time frame and
either excluding patients who received the intervention after the specified time
frame from analyses (May et al. 2015a) or including them in the comparison
group (May et al. 2015b), and including interaction terms specifying timing in
the regression model (McCarthy et al. 2015).

Our analyses may not be directly relevant to other uses of LOS in health
services research, for example, as a proxy for, inter alia, quality control, appro-
priateness of care, resource consumption, and efficiency (Marazzi et al. 1998;
Carey and Burgess 1999). In addition, it has been argued that truncating sam-
ples of high-utilization outliers is a valid approach, provided this decision is
guided by clear scientific principles to improve model fit and the accuracy of
treatment effect estimates (Marazzi et al. 1998; Mihaylova et al. 2011).

CONCLUSION

Use of LOS-controls in estimating treatment effect on costs of hospitalization
is at best suboptimal.

If and how LOS-controls are incorporated into cost analysis of observa-
tional data may have a substantial effect on results. These strategies risk under-
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mining confidence in the treatment effect estimate by weakening key elements
of the methodology and analysis. Employment of these strategies is sometimes
arbitrary and little clear guidance exists to inform selection.

Nonetheless unobserved heterogeneity remains a serious concern for
investigators analyzing treatment effect on cost and other utilization outcomes
using observational data for hospital admissions. In our study a comparison of
treatment effect estimates using LOS strategies suggested unobserved hetero-
geneity for which we would like to control.

We addressed this challenge by incorporating the timing of the inter-
vention into our analyses. This approach does not solve directly problems
of unobserved baseline heterogeneity, but it is scientifically preferable to
LOS-controls. First, in avoiding the introduction of LOS, which is associ-
ated with both treatment and outcome, such methods generate treatment
effect estimates that minimize the endogeneity problem. Second, in testing
these results with multiple sensitivity analyses including LOS-controls,
results are more robust as effects are not sensitive to factors for which LOS
may be a proxy. Third, the results are more useful to hospital administra-
tors, payers, and policy makers because patients are not defined ex ante by
LOS, and the outcome of interest is the most important in cost analysis,
namely overall resource use.

Additionally, they address a problem that has not been well identified in
previous analyses of this type: that failure to incorporate intervention timing
in analysis of treatment effect on cost of a hospital admission may increase the
risk of a type II error.
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SUPPORTING INFORMATION

Additional supporting information may be found in the online version of this
article:

Appendix SA1: AuthorMatrix.
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